Abstract-Social mobility models attempt to mimic human movement characteristics with the motivation to provide more realistic experimentation environments. Being recent, these mod els have a few gaps, being one of them the lack of a realistic function to dynamically track pauses. This paper proposes and evaluates such a function against real-traces.
I. INTRODUCTION
Today's Internet end-user exhibits a highly dynamic roam ing profile, often hopping across different wireless hotspots. According to some studies [1] , [2] , not only is such hopping frequent, as it is also based on traceable routine patterns, e.g., a person regularly moving between home and work. Such studies have also provided a better understanding on the potential quantification of a few aspects related to human movement, e.g. that humans prefer short to long distances.
Quantifying human movement behavior is essential from a wireless and cellular network operation perspective, as Internet end-users today carry and/or own a multitude of wireless enabled devices. These devices have a movement pattern similar to their human carriers, and hence, the movement of these devices is affected by the interests that humans have to socialize or to cooperate [3] . In other words, portable devices movement is affected by human decisions and by interests that users have and share with other users -affinities.
Sharing an interest does not necessarily imply that users have some fonn of real social relationship. An example on how shared interests relate to human movement and as con sequence, how they affect network operation, can be provided by considering an Internet end-user on its regular Saturday routine, where he/she goes to its preferred coffee-shop at a specific period of time. Hence, the device carried by this user, as well as the connectivity graph that the device is part of at a specific instant in time, is affected by the way the user moves.
This example illustrates why it is relevant to attempt to quantify statistical properties of human movement and to be able to incorporate them into mobility models, as these models are today part of any mobile networking evaluation environment. From a network operation perspective, human movement impacts not only the underlying topology, but also the network operation e.g. routing, or resource management.
Mobility modeling is today a broad research field, where real-world experience (e.g. traces) is often combined with Aveiro, Portugal andre.zuquete@ua.pt analytical aspects to derive mobility models that can track as much as possible human behavior.
The most recent work related to the aforementioned attempt falls on a category known as social mobility modeling. Social mobility models are highly relevant to mobile networks exper imentation, given that they are currently the mobility models that better capture properties observed from extensive traces gathered. However, being a recent field of work, they still have a few gaps [4] .
Considering pauses, the focus of our current work, such models nonnally assume a constant pause time, or simply ignore pauses and hence, nodes are in constant movement towards new targets. Ignoring the pause time ends up in not truly modeling movement close to reality, as we shall explain.
This paper provides contributions in two main fields. Firstly, we analyze and discuss aspects related to pause time modeling and how such modeling or the lack of it impacts network op eration and management. Secondly, we propose and evaluate, against real-world traces, a function that models pause times.
The rest of the paper is organized as follows. Section 2 covers related work concerning pause time modeling, while section 3 provides notions and details the aspects that we believe should be the basis to dynamically modeVtrack pauses. We introduce our proposed pause time function in section 4, and provide its evaluation on section 5. The paper concludes in section 6, where we also present some directions for future work.
II. RELATED WORK
Models prior to social mobility modeling assumed pause time to be a value randomly picked out from a unifonn interval, as occurs in models such as the Random WayPoint (RWP) [5] . However, it is clear that human movement is not random and therefore such modeling is considered artificial.
Barabasi et al. were the first authors to provide a con crete proof that the human movement behavior was not of a Bayesian nature [6] . The authors have provided evidence that the bursty nature of human movement behavior seems to be due to a consequence of a decision-based queuing process, given that humans execute their tasks on priority basis with most tasks being rapidly executed, whereas a few tasks experience very long waiting times. Still following this line of thought, Song et al. have shown that humans tend to spend more time in a few locations and the distances covered by most of humans during the day is confined to a limited neighborhood [7] .
These works, together with large scale traces, have been assisting in providing better movement modeling for mobile environments. As such, the Self-similar Least Action Walk (SLAW) [8] is one of the first mobility models to model pause time. Based on a global notion, the authors define pauses considering a truncated power-law distribution, where each visit point has a specific pause value, and the average pause time is adjusted for the whole trip to be completed in 12 hours. Albeit the proposed pause time model is relevant, the way the individual routine was modeled is still artificial in the sense that it just takes into account a potential split in terms of time, and disregards any time and space correlation.
The Sociological Interaction Mobility for Population Sim ulation (SIMPS) model [9] assumes that nodes move accord ingly to two important features: the social interaction level, e.g. the personal status (e.g. age and social class); and the social interaction needs, i.e. the social needs for individuals to make acquaintances. The nodes' movement occurs based on these two definitions, where a node is attracted by ac quaintances, in order to socialize; or a node is repulsed by strangers, in order to isolate. However, pauses are still not being considered in this model.
Our proposed pause time modeling assumes that there are several social attractiveness properties that should be taken into consideration instead of providing an approximation to traces. Hence, we propose a function that takes into consideration the attractiveness between nodes to model pause times. As experimental basis, we consider one of the most popular mo bility models, the Community based Mobility Model (CMM) [3] , which provides a movement function based upon a social attractiveness function. A few works propose improvements to CMM ( [10] , [11]) ; still, none of such proposals considers pauses between consecutive target computation.
III. PAUSE TIME TRACKING IN SOCIAL MOBILITY

MODELS
In this section we provide a few notions concerning social mobility modeling for the sake of clarity, and discuss also some aspects related to the modeling/tracking of pauses.
Pause time is strictly connoted to the time interval that a mobile node is in a specific position, i.e., the interval of time when the node's speed is zero or close to zero [1] . The dynamics of pause time modeling integrate different scales: a node exhibits an individual type of movement even when not in motion towards a target. That movement is confined to a personal space; e.g. a mobile phone on the pocket of its owner.
From our perspective, pause time is a product of affinities between nodes. In other words, similarly to what is proposed in social mobility models for the modeling of the movement dynamics [12] , we believe that the modeling of pause time should take into consideration affinities between nodes.
One embodiment of node affinity is social similarity as previously defined by K. Jahanbakhsh, et al. in the specific context of opportunistic routing [13] . The authors define a node u to be more "socially similar" to node v than w, if u is more likely to contact v than w. We follow this line of thought for our work on pause time and formulate the following hypothesis: if node u is more socially similar to a node v than a node w, then if node u encounters v and w, it is expected to spend more time with node v than with w.
A measure of social attractiveness is therefore an adequate factor to consider as basis for a function capable of dynami cally model a node's pauses, being the underlying assumption the fact that humans tend to pause more time closer to whom they exhibit stronger affinities.
IV. TRACKING PAUSE TIME BASED ON SOCIAL ATTRACTIVENESS
The individual decisions of persons affect the movement pattern of their carried devices. For instance, based on the strength of the interest being shared (e.g. going to work) speed can vary. When a user reaches its target, pause time is a measure of the user's interest within a set of nodes, or towards a location.
To have a concrete benchmark against which we could vali date our proposal, we considered as a potential embodiment of a social attractiveness function the one that the CMM model provides, which we explain next.
A. Modeling Movement Based on CMM Approach
The CMM social attractiveness function, SA, corresponds to the social attractiveness that a specific set of nodes (cluster) has to a node i. This function is used for node i to compute its next destination. The social attractiveness (SA) is computed based on the sum of the weight of associations between i and each of the nodes j belonging to cluster in a cell (Cp,q), Wi,j. This sum is then normalized by the number of nodes associated to this cell. It should be highlighted that CMM does not take into consideration the geographical position of nodes. Positioning in cells is just a way to cluster the nodes. We suggest the reader to consider the original work [3] for further details.
B. Modeling Pause Time Based on Social Attractiveness
Our proposal for tracking the dynamics of pause time on social mobility models is a reflection of the following line of thought: if a node has a higher social attractiveness for a specific target, then it normally spends more time on the selected target. The reasoning behind this line of thought relates to the notion of shared interests by nodes which result in a time and space correlation.
To better illustrate our line of thought we recur to Table  I for summarizing the notation used in this section, and to Figure 1 to provide a concrete example. The node represented in black stands for the node we are observing, node i. Grey nodes correspond to nodes j which exhibit a strong social attractiveness (high social attractiveness, Wi,j towards node i); white nodes correspond to regular nodes j with a normal social attractiveness weight towards node i. We model pauses based on function P(i) provided by Equation 1. We assume that there is a direct relation between pause time and social attractiveness, and on this work, for the sake of experimentation, we consider such relation to vary linearly. Social attractiveness weight from node j towards node i
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, S -{W i , j 2:: a, J E Cp,q} l S I = 0 P( i) can be described as follows. The pause time of a node i in regards to a target cluster Cp,q is modeled to be at least "a" seconds I and takes into consideration not only the cluster social attractiveness towards i but also the number (cardinality of set S) of nodes that contribute the most to such attractiveness, i.e., the number of nodes j that have a W i , j higher than a. Assuming that we have a cluster that holds no nodes under such conditions, i.e., all nodes j exhibit a W i , j lower than a, then we consider only the maximum value of W i , j ' The reasoning for this assumption relates to the fact that as node i will spend some time on cluster Cp,q despite the fact that all nodes in this cluster seem to exert weak attractiveness to node i, then the time node i remains in that cluster should take into consideration the maximum strength exerted. We are conscious about the fact that this is a strong assumption which needs to be proven and in order to best assess the impact of this assumption, in the evaluation we will also consider the case where the pause time will take into consideration the lowest W i , j in the cluster.
We now describe the behavior of P( i) based on the scenario (Figure 1) . We start by the case where node i is moving towards a region where there is no cluster (and hence SA 1 In this work we consider the minimum and maximum pause time to be a constant value. In future work we intend to address as a function of other externalities, e.g., the frequency of roaming or the node speed, for instance. corresponds to 0), region which has been numbered as 2. P( i) then becomes the minimum pause time, a. Now, considering that the node i is moving towards a cluster composed of nodes that exhibit a low attractiveness towards node i, cell 3. Pause time is influenced by the duration of the routine, represented by the maximum pause time (d); by the social attractiveness (SA), and we also consider a concrete factor (maximum or minimum social attractiveness) to model pause time for this case. The last case is when the node i moves towards a region with a few nodes exhibit strong affinity, region 4; our function takes into consideration the number of nodes with a high social attractiveness as a factor that will increase the pause time.
V. PERFORMANCE EVALUATION
This section is dedicated to the performance evaluation of P( i) which we have implemented on the CMM standalone simulator [14] , [3] . As benchmark for the comparison we consider two realistic set of traces. The first one related to a University Campus (North Carolina State University, NCSU) and the other extracted from New Yo rk City (NYC) [15] .
The NCSU scenario comprises 35 trace files, each cor responding to the perspective of a single node in one day. The authors have randomly selected 20 participants out of the students sharing a common interest, i.e., enrolled on the computer science department. Hence, more than one node contributed to different trace files; however, the authors have no way to distinguish.
The NYC set comprises 39 different trace files each again corresponding to the perspective of a single node in one day. The NYC traces are based on 10 volunteers that work mostly in Manhattan, and therefore, the shared interest in this case relates to work in Manhattan. NYC stands for an example of a scenario set of a wider area and a not so dense environment.
Based on the CMM standalone simulator, using the prob abilistic embodiment of SA, we have tested our pause time function against the traces by deploying scenarios that have the same features to understand whether or not our function can model realistic dynamics for pause time variation. Table  II summarizes the main parameters used in modeling the scenarios. Both the NCSU and the NYC settings consider an uniform node speed of 1 meter per second (m/s), and as aforementioned the nodes' movement is based on CMM mobility model (probabilistic function).
A. Pause Time Modeling in the NCSU Setting
In order to evaluate our function against CMM and the NCSU traces, we have simulated a scenario based on a region of 2500 x 2500 meters, with 20 nodes located in cells which have 250 square meters each. We consider the probabilistic embodiment of SA [3] as it is the most complete instantiation of the social attractiveness function. Our simulations run for 240 hours, where the first 50 hours have been discarded to avoid transient states. In CMM, we considered a rewiring probability of 0.5 to model better con nected environments -the CMM rewiring probability affects the social attraction between clusters. The CMM reconfigura tion interval is equal to 24 hours. Hence, every 24 hours CMM randomly repositions the nodes in the grid. Figure 2 shows the results obtained for CMM and also for two embodiments of CMM with our P(i) function: P(i) -max relates to the P(i) embodiment where, for clusters with nodes that exhibit weak social attractiveness we consider the maximum value of Wi , j in that cluster, and P( i) -min for the minimum value of Wi , j ' For this first experimentation set, the threshold (a) is set to 0.9, considerng only the nodes which really have a strong social attractiveness with node "i".
The CMM behavior observable in Figure 2a is justified due to the fact that CMM does not track pauses; when a node reaches its target cell, it stays there just the time interval required to compute another target. While when looking at CMM with P(i) -max or with P(i) -min there is a clear improvement, being the achieved results quite close to the traces. The global pause time perspective is provided in Figure  2b , where we consider minutes as the time unit. It is clear that P( i) captures adequately pause times of sizes up to 10 min utes. For larger pause times, albeit the results are good, there is not a clear advantage in consider a specific embodiment. The similarity observed for longer pause times relates to the fact that we use exactly the same term of the pause time function for nodes with a strong social attractiveness. The hypothesis that we raise for this, is that, there is a high probability of having a significant number of regions that have no cluster, or that have one element only, which exerts a social attractiveness lower than the threshold a. This seems to imply that in such cases considering either the maximum or minimum Wi , j '
B. Pause Time Modeling in the NYC Setting
To understand how our function would assist CMM in a network that is not so dense, we rely on the NYC scenario. We have modeled the scenario as a grid of 31000 x 19000 meters. To model the longer distances, we have considered that each cell has 1000 meters, which implies that clusters of nodes are further far apart and that cells are less populated. For CMM we now assume a rewiring probability of 0.2 as the communities are less connected, due to the longer distances. We also discard the first 50 hours and for the minimum and maximum values of P( i) we consider 30 seconds and 50,000 seconds, respectively.
The CMM reconfiguration interval has again been set to 24 hours and a has also been set to 0.9 to better compare the results. Figure 3 provides the results achieved in this scenario.
P( i) results in a close to reality pause time modeling, even though the results are, when compared with the previous scenario, less accurate. In this type of scenario, P( i) seems to track closely the occurrence of pauses after 1 minute. We again believe that this occurs due to the fact that the clusters that contribute to the higher pause times have elements with a Wi , j that is higher than a.
C. Varying the Social Attractiveness Threshold
To understand the potential impact of a, we have again run the NCSU and NYC setting but now with a = 0.9, a = 0.5, and a = 0.02, standing for a high, average, and very low threshold for social attractiveness, respectively. The results achieved are presented in Figure 4 .
Both for the case of NCSU and for NYC, results show that the difference when applying a = 0.5 or a = 0.9 is little. This relates in fact to the interaction matrix, where, such matrix has extreme values. As for the case of a = 0.02, there are significant differences. Focusing on the NCSU scenario what we can see that for this case P( i) -max seems to capture only with accuracy the occurrence of longer pauses. Our justification for the observed phenomenon relates to the fact that our function is taking into consideration all of the elements on a cluster (there is a high probability that nodes have a Wi,j higher than a).
When looking into the results obtained in the NYC scenario, the function becomes closer to reality but a similar behavior is observable. The function captures the best occurrence of pauses above 100 minutes.
D. Pause Time Impact on Network Op eration: Inter-contact Times modeling
The proposed function can, as shown in the previous sec tions, track pause time variability in a way that is provably close to reality. Hence, intuitively this seems to point out to the fact that our function may also be useful in providing a better network operation.
As starting point, we have focused on a specific case of routing, i.e., Delay Tolerant Networking (DTN), and have con sidered a third set of traces that relates to inter-contact times. Inter-contact time is defined as the time interval between two consecutive contacts of two nodes [16] . Inter-contact time is a highly relevant parameter in DTN routing, as most DTN routing protocols consider it as a parameter to make a decision on forwarding. Hence, having a mobility model that can adequately track inter-contact times is essential.
To evaluate the impact of pause time in the modeling of inter-contact times we have considered a representative set of traces collected during the INFOCOM 2006 [17]. We do not have information concerning the area, speed nor other type of information. Hence, to be as close to reality as possible we have considered some informations that we believe to be close to human behavior (as in Table II ). Figure 5 holds the results obtained in this setting, where we can conclude that P( i) provides benefits also for modeling inter-contact times. Considering the CMM with P( i), we have a power law behavior exactly as inter-contact time from traces.
VI. CONCLUSIONS AND FUTURE WORK
In this paper we have debated pause time modeling within the context of social mobility models and proposed a concrete pause time function. We provide an evaluation of the function based on the proven implementation of a well-known model, CMM. Such validation corroborates that the function attains a behavior close to reality in regards to being able to capture pause times.
As future work, we intend to address aspects already debated in this paper, both in terms of future validation, as well as in terms of potential parameters that may improve our function. A third aspect we are already considering is the relation between P( i) and SA, which we intend to explore as Pareto and power-law behavior-based relations.
